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Being the primate city of Bangladesh, higher population growth and inward migration from rural areas is making Dhaka to experi-
ence an unprecedented level of urbanisation. This has brought two-fold implications-pushing it high up the mega-city size ladder while
also posing the planners and city managers with more complex spatial and socio-economic challenges to deal with the rapidly expanding
urban footprint. Updating the knowledge and evidence-base of Dhaka’s urban growth dynamics becomes increasingly crucial for better
functioning of its strategic urban planning and management. Therefore, this research seeks to broaden our knowledge of understanding
spatial urban growth patterns and processes of Dhaka over the period of 1988–2005. Hybrid spatial modelling frameworks, incorporat-
ing statistical models (in the form of weight-of-evidence approach) along with cellular automata functions, therefore, have been used to
comprehend the dynamism of rapid urban growth from 1988 to 2005. As expected, the local version of the transition probabilities
(where Dhaka was divided into 18 Spatial Planning Zones), produced improved results compared to the global version (i.e. the
whole of the Dhaka metropolitan area). The modelling framework has further been tested as a planner’s ‘what-if’ simulation box to gen-
erate near-future scenario using future policy dataset. It appears to have suﬃcient experimental potential to implement more extensive
spatio–temporal land-use modelling process even in sparse data environment such as Dhaka.
 2015 The Gulf Organisation for Research and Development. Production and hosting by Elsevier B.V. All rights reserved.
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Urban growth dynamics and their interaction with other
land-uses are intrinsically complex, and hence is a potentialhttp://dx.doi.org/10.1016/j.ijsbe.2015.07.003
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Peer review under responsibility of The Gulf Organisation for Research
and Development.ﬁeld of contemporary research in Land use land cover
change (LUCC). Yet, only recently, LUCC is being cap-
tured and modelled for cities in the Global South, where
majority of the global urbanisation is taking place (UN,
2012). Using GIS and remote sensing based monitoring,
accompanied by spatially explicit urban growth models
(e.g. Angel et al., 2005; Barredo and Demicheli, 2004; He
et al., 2006; Henriquez et al., 2006; Godoy and
Soares-Filho, 2008; Cheng and Masser, 2003, 2004;
Dewan and Yamaguchi, 2009), such, can strengthen the
outdated evidence base of real world growth dynamics.
Hence, based on past and present growth trends,duction and hosting by Elsevier B.V. All rights reserved.
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actions, purpose-led use of such models can support
present-day urban planning policies and their future
formation (He et al., 2006; Hu and Lo, 2007; Irwin and
Geoghegan, 2001; Verburg and Schot, 2004). Additionally,
such models based on historical data can be extended to
make simulation for the future under diﬀerent scenarios
or ‘what-if’ conditions. Such exploration of future
land-use as scenarios are eﬀective ways to anticipate future
changes, to identify potential areas of rapid change which
might require more rigorous analysis, or areas that need
further attention for policy intervention in a timely manner
(Kok et al., 2007; Verburg and Schot, 2004).
Dhaka, one of the oldest major cities in South Asia, has
been the largest city in the present Bangladesh region for a
period of about 400 years (Islam, 2005; Ahmed et al.,
2014b). It has continued to urbanise rapidly after its inde-
pendence in 1971. Since then urban growth became rapid,
particularly in recent decades, and its city authorities are
losing control of urban growth and development manage-
ment (Mahtab-uz-Zaman and Lau, 2000; Islam, 2005;
Ahmed et al., 2014b). Besides, higher population growth,
rapid and consistently high inward migration from rural
areas, and better job opportunities than other cities rein-
forced governmental policies towards Dhaka’s expansion.
The present Structure Plan2 of the Capital City Develop-
ment Authority’s (RAJUK) recommends the outward
expansion of the city by transforming suburban and agri-
cultural land to cater this rapid demand for urbanisation.
Recent and past research/studies on Dhaka’s urban growth
(Chowdhury and Faruqui, 1989; Dewan and Yamaguchi,
2009; Dewan et al., 2010; Islam, 1999, 2005; Nilufar,
1997; Rajuk, 1997; Roy, 2008) have already recognised
Dhaka’s problem in expanding horizontally due to ﬂood
risk or continuous encroachment on natural depres-
sions/wetlands and khals3. Therefore, it is certain that
future urbanisation in Dhaka presents enormous spatial
and socio-economic challenges. Nevertheless, the spatial
aspects of its growth patterns and processes are not rigor-
ously researched until recently. Based on the recent studies
that looked into its spatial growth patterns for signiﬁcant
periods of time (Dewan and Yamaguchi, 2009; Dewan
et al., 2010; Ahmed et al., 2012), this research aims to
extend that knowledge and evidence base. We aim to do
it by exploring key spatial biophysical and
socio-economic factors that can explain Dhaka’s urban
growth in recent decades, particularly since the late
1980s, as such growth was evident from the exploratory2 Assuming population at 2015 as 15 million, this is a 20 year (1995–
2015) strategy Plan for urban development within the Capital City
Development Authority ‘s (RAJUK) jurisdiction. It consists of a report
with supporting policy maps (Rajuk, 1997).
3 Canals created naturally that pass through Dhaka City and used as
drainage channels to drain out excess water from ﬂood/heavy rain water
to the surrounded outfall rivers. Begunbari khal, Dholai khal, Shegun-
bagicha khal, Tongi khal etc. are some major khals in Dhaka City
(Tawhid, 2004).urban growth pattern analysis in Ahmed et al., 2012. This
study further questions the strength of these factors to pre-
dict growth at meso scale (i.e. spatial planning zones), and
simulates its growth in the near future (until 2025). By
adopting a hybrid dynamic land-use modelling framework,
this research, therefore, tries to provide key insights of
urban growth pattern complexities captured under
data-limited environments.
In subsequent sub-sections, after a brief review on recent
introductions of Cellular Automata (CA) in urban growth
models, the modelling framework is introduced; structure,
modelling procedures, data requirements, and diﬀerent
modelling elements are also elaborated. The inﬂuence of
diﬀerent driving factors on the growth probabilities has
been explored to examine their global and locally diﬀeren-
tiated eﬀects. Simulation has been attempted which is then
calibrated and validated. Afterwards the validated param-
eters are used to simulate Dhaka into the near future (2015
and 2025) under a planning restriction scenario with two
diﬀerent sets of growth projections.2. Cellular Automata in urban growth models
Diﬀerent techniques or tools have been used to model
LUCC in general and urban growth in particular. Recent
advances in GIS technology, including greater availability
of data through remote sensing, have brought cellular
automata (CA)4 techniques to the forefront in LUCC
and urban growth modelling. Despite their apparently sim-
ple deﬁnition based on local rules, CAs can exhibit very
complex dynamic behaviours, even in the case of the
so-called elementary CAs, i.e. one-dimensional CA with
two neighbours and two states. CA models are particularly
robust at dealing with spatially related phenomena with
ﬁner resolutions. Being naturally ‘bottom up’, CAs can
realistically mimic dynamic local-global relation in urban
environments spatio-temporally with high-end visualisa-
tion (Batty and Xie, 1994; Torrens and O’Sullivan, 2001).
The intrinsic ability of any CA models to allow dynamic
local interaction amongst cells at each time step dispense
them the added advantage of mimicking complex urban
systems, thereby embedding several branches of complexity
theories. For example, diﬀerent areas in a city may exhibit
self-organising local growth patterns due to dissimilar local
actions, resulting in self-similar growth patterns or fractal
dimensions across scales (ibid.). CA models have been
employed in the exploration of a diverse range of urban
phenomena like regional-scale urbanisation (Geertman
et al., 2007) and Spatial Decision Support System (SDSS)
(White et al., 2004), land-use dynamics (Almeida and4 A classic cellular automata (CA) system consists of a regular grid of
cells- each of which can be in one of a ﬁnite number of possible states,
depending on the previous state of the cells within its deﬁned neighbour-
hood; updated simultaneously at each discrete time step according to a set
of transition rules (Batty and Xie, 1997, Torrens and O’Sullivan, 2001,
Wagner, 1997, White and Engelen, 1993).
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density (Yeh and Li, 2002), urban slum growth
(Sietchiping, 2005), urban development and growth simula-
tion (Barredo and Demicheli, 2004; Cheng and Masser,
2004; Leao and Bishop, 2004; Wu, 1998; Yeh and Li, 2002).
While CA-based LUCC models used in urban growth
modelling have provided substantial promises to mimic
complex urban growth processes realistically, most CA
models have given insuﬃcient attention to social, physical,
economic and institutional factors that are often the prime
drivers modifying, constraining or prohibiting growth.
Such limitations paved the way for a hybrid approach
where pattern-searching statistical models can help in
determining the inﬂuence of underlying factors, and then
can be combined with a process-based model like CA to
take advantage of its dynamic capabilities and capturing
of local eﬀects (Cheng and Masser, 2003; Verburg and
Schot, 2004; Wu, 1998). As a result, this research adopted
the hybrid approach where advanced geo-computational
models incorporating cellular automata as well as statisti-
cal methods will complement each other to meet the aim
of generating more insights on the urban growth patterns
and processes that are taking place in Dhaka. In the fol-
lowing sections, the paper will discuss the data used and
will explain the adopted hybrid-modelling framework
where the novel approach of Weight-of-Evidence is used
to assess the inﬂuence of selected driving factors.
3. Material and methods
3.1. Land use/land cover map for Dhaka
Land use/land cover maps, generalised into urban and
non-urban areas, for the year 1988, 1999 and 2005 have
been used for this study since urban growth started to
become more rapid during these periods. This is evident
from other LUCC studies on Dhaka (Ahmed et al., 2012;
Dewan and Yamaguchi, 2009). For instance, an initial
exploratory analysis had been conducted for the same area
using some simpliﬁed urban growth analysis spatial metrics
from the period 1960–2005 in Ahmed et al. (2012). More
details on the land-cover data used can be found from this
paper as well, and also put as supplementary material for
this paper. The boundary of the study area (area within
the red bounding box in Fig. 1) covers much of the
metropolitan area while the mega-city (DMDP) boundary
covers an extended urban region of the city development
authority (RAJUK)’s jurisdiction.
3.2. Driving factors responsible for urban growth
Identiﬁcation of the drivers of change at diﬀerent peri-
ods is fundamental to the formulation of urban growth
models (He et al., 2006; Hu and Lo, 2007; Irwin and
Geoghegan, 2001; Verburg and Schot, 2004). Humans
interact with their physical and socio-economic surround-
ings at diﬀerent scales, which drive the location and patternof urban growth in the real world (ibid.). For example,
Cheng and Masser (2003), Leao and Bishop (2004),
Braimoh and Onishi (2007) and Lopez and Bocco (2001)
used multi-variate regression techniques to investigate driv-
ing factors responsible for changes in urban areas and
other land uses. Nevertheless, identifying driving factors
and their strength of relationship to land-use/land-cover
change is never easy, as the factors may be case-speciﬁc
with no universal set of factors to ﬁt every context. Even
if they are similar in many cases, their strength is never
the same as cities are unique and so are their physical, envi-
ronmental, and socio-economic characteristics (Geist et al.,
2006). The number and selection of variables/factors also
depends on the spatial extent of the model and types of
land-use conversion considered. For example, larger
metropolitan areas may have a polycentric nature with dif-
ferent parts having diﬀerent sets of inﬂuence on growth
compared to smaller cities with mono-centric nature. For
larger cities, ﬁtting a single set of factors may not give an
optimal simulation performance although it may portray
a generic picture.
Yet, the choice of bio-physical and socio-economic fac-
tors for many current land-use models tend to follow sim-
ilar groupings of factors like those in Clark’s SLEUTH
model (slope, land use, exclusion, urban extent, transporta-
tion, hill shade) (Dietzel and Clarke, 2006; Silva and
Clarke, 2005), or those in RIK’s METRONAMICA model
(Barredo and Demicheli, 2004; Barredo et al., 2003). In the
light of these previous approaches, this study chose the fol-
lowing groups of variables:
3.2.1. Biophysical variables
Although slope and hill shade feature in many LUCC
models, these are irrelevant for Dhaka due to its relative
ﬂatness of the terrain. Floods become a regular feature in
rapidly urbanising Dhaka during the monsoon season
(Alam and Rabbani, 2007; Huq, 1999; Islam, 2005;
Nishat et al., 2000). Therefore, urbanisation in Dhaka has
always sought for ﬂood-free land in the ﬁrst place (Rajuk,
1997). Accordingly, elevation data can be very signiﬁcant
in inﬂuencing the growth of Dhaka, despite the fact that
Dhaka is quite ﬂat – ranging from 0.8 m to 14 m. Compar-
ing the elevation data based on research on ﬂood risk
(Dewan and Yamaguchi, 2008; Rajuk, 1997), it was found
that areas over 5 m are less vulnerable to ﬂooding (Dewan
and Yamaguchi, 2008) (see ‘elevation layer’ in Fig. 2).
3.2.2. Accessibility of places and economic opportunities
Distance between the residential location and employ-
ment has been pivotal in classic utility-maximising urban
economic models like Bid rent, Lowry models. In many
LUCC and urban growth studies, therefore, the distance
to the nearest locations of employment or facility is calcu-
lated to represent these location factors (Braimoh and
Onishi, 2007; Cheng and Masser, 2003; Henriquez et al.,
2006; Hu and Lo, 2007; Sui and Zeng, 2001; Verburg and
Schot, 2004; Yeh and Li, 2002). Hence, access to diﬀerent
Figure 1. Case study area and recent land-use/land cover.
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and attractions, in terms of services and facilities, has been
included in this research. These accessibility factors, repre-
sented in terms of travel time, are computed in the raster
environment – considering road networks, diﬀerent accessi-
bility (speed) levels of land-use types and natural barriers
(rivers, lakes, etc.). This was done by customising methods
used by NPS-ROMN, 2008. This procedure contrasts with
the use of simple airline distances, a common characteristic
of most previous urban growth modelling or LUCC stud-
ies. We assumed that the historic settlement places had trig-
gered further development of the urban land-uses. Travel
time calculated has been found to be the lowest for major
roads (being spread to most parts of the city) while it has
been found to be highest for the historical city centre
(Fig. 2), for being located to the south of the metropolitan
area and also being quite distant from many of the built-up
areas from other parts of the city.
3.2.3. Spatial policy/planning variables
RAJUK, the city development authority, prohibits cer-
tain areas to be developed in the near future. These are
areas with high agricultural values, and those designated
as ﬂood retention ponds in low-lying areas and city’sexisting natural drainage systems (Rajuk, 1997). These
areas, prohibited or discouraged for development, are used
as restricting variables in this analysis and subsequent mod-
elling. Besides, the DMDP plan has acknowledged that
there will be continued in-ﬁll or consolidation of existing
urban areas, but also has identiﬁed certain ﬂood-free fringe
and edge areas for accelerated and planned new develop-
ment (Rajuk, 1993). These areas are used in the analysis
as attracting variables – forming two distinctive categories
– urban fringes marked for accelerated development, – and
other areas in the near vicinity, or at the periphery pro-
moted or planned to be enabled for development in near
future. All these (planning) variables are classiﬁed as dum-
my/binary variables before entering them into statistical
analysis and modelling.
It is worth mentioning here that the choice of factors is
constrained by the availability of data in the case study area
(for example data are not available distinguishing diﬀerent
types of urban land-uses in diﬀerent time steps). Data for
road and other facilities are found for a single time
period-even though there are changes taking place in real
time. Such restrictions limit our ability to achieve better sta-
tistical results or model outcomes, especially when mod-
elling exercises are extended to later years. Furthermore,
Figure 2. Examples of spatial layers used for predicting urban growth probability.
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nomic status, land value, status of water, sanitation, and
electricity could not be included due to paucity of data at
appropriate spatial scales and extents.
3.3. Methods employed under the DINAMICA modelling
framework
DINAMICA is a hybrid modelling platform, which on
one hand enables statistical models to ﬁnd potential areas
of change under signiﬁcant driving factors, and on theother hand have customised the choice of cellular automata
transition functions to replicate diﬀerent patterns of LUCC
(Almeida and Batty, 2003; Soares-Filho et al., 2008;
Soares-Filho et al. 2002). For these reasons, DINAMICA
has been chosen to make dynamic simulation at discrete
time steps (ibid.).
For producing the simulation of land-use, the model
needs the following parameters as inputs: the static and
dynamic variables, the transition matrix, to ascertain the
rate of change for the simulation period, the spatial transi-
tion probabilities, and the transitional functions. To see
Dynamic variable 
(distance from other land-
uses) 
Initial landuse (T1)
Urban and non-urban
Final landuse (T2)
Urban and non-urban
Transition matrix
(T1-T2)
Demand for change
Spatial transitional probabilities 
(Weight-of-evidence/ logistic 
regression)
Transitional functions
(expander and patcher)
Simulated landuse
Transitional probability maps
Static variables
(elevation, distance city 
centres etc.)
iteration
Figure 3. Flowchart of DINAMICA-EGO for simulating LUCC.
364 S. Ahmed, G. Bramley / International Journal of Sustainable Built Environment 4 (2015) 359–377how these parameters interact or link with each other,
please check Fig. 3, and also see further narrations on
the parameters below.3.3.1. Static and dynamic variables
Driving factors mentioned in Section 3.2 are used as sta-
tic variables within the model. DINAMICA also enables
the inclusion of a dynamic variable that calculates distance
to the examined land-use (in this case urban land-use) at
each single time step, and to the closest cell of any other
land-uses (non-urban land use for this research). The dis-
tance calculation procedure continues until the execution
of the last year of simulation-each time producing dynamicdistance to the nearest non-urban cells from the changing
urban cells.
Although before making the statistical analysis (transi-
tion probabilities detailed in sub Section 3.3.3), the factors
had been checked for spatial independence, DINAMICA
EGO also provides routine checks for such examination
(reported in Section 3.4).
3.3.2. Transition matrix
A Transition matrix is obtained by cross tabulating ras-
ter maps in two time steps. It produces a transition rate as
percentage, depicting how many cells are converted from
one land-use to the other in a given time period (i.e.
non-urban to urban for this research). Thus within the
S. Ahmed, G. Bramley / International Journal of Sustainable Built Environment 4 (2015) 359–377 365validation-period 1999–2005, overall urban growth is
occurring at a net rate per 5.9% per year – much higher
than the calibration period 1988–99 (2%) (Figs. 4 and 5)
(more on calibration and validation at Section 3.4). This
may be slightly an artefact of the restricted study zone
boundary;– nevertheless the rate of urbanisation has
clearly increased. The ﬁxed transition rate provided by
the net transition matrix constrains the simulation run in
DINAMICA in terms of quantity of cells to be changed
from non-urban to urban.
3.3.3. Spatial transition probabilities
At this stage, probabilities of changing from non-urban
land-uses to urban land-use are computed as functions of
diﬀerent driving factors. Historically used initially by geol-
ogists to ﬁnd areas of geological phenomena, Weight of
Evidence (WoE) is a form of Bayesian statistics for condi-
tional probability that can measure DU (change from
non-urban to urban) which is inﬂuenced by a number of
factors X. Like other multi-variate statistical techniques
(e.g. linear or logistic regression), this enables us to ﬁnd
the most statistically signiﬁcant factors responsible for
the changes that occur between two time steps. Almeida
and Batty (2003) ﬁrst employed such an approach for
urban growth modelling for a medium-sized town, Bauru,
in the west of Sa˜o Paulo State, Brazil. Under this method,
the principal assumption is that there exists a prior proba-
bility for DU and can be termed as P (DU). To calculate
posterior probability of DU based on any driving factor,
X can be written as P (DU|X). This provides the following
base for calculating WoE:
P ðX=DUÞ
P ðX Þ ð1Þ
P ðDU=X Þ ¼ PðDUÞ
For places where DU is absent, this can be derived as –
P ðD ~U=X Þ ¼ 1 P ðDU=X Þ ð2Þ
Dividing Eq. (1) by Eq. (2), odd ratio can be calculated.
When presented in logit form, this provides ‘positive
WoE’ Wþ as follows:
LogitðDU=X Þ ¼ logitðDUÞ þ log P ðX=DUÞ
P ðX=D ~UÞ
¼ logitðDUÞ þWþ ð3Þ
In similar fashion W is calculated. The weights of
evidence approach is based on the following question
while drawing weights from each driving factor, “How
likely is it that you would have a value like this if you
were in an area that would experience change?” WoE
are then calculated in logit form for all signiﬁcant vari-
ables, static or dynamic, where changes have occurred
(positive value or W+) or have not occurred (negative
value or W) (Almeida and Batty, 2003; Soares-Filho
et al., 2008).3.3.4. The transitional functions
As explained by Wu, 2000 in (Cheng and Masser, 2003,
2004), urban growth is argued to have encompassed both
spontaneous (exogenously driven) and self-organisational
(path dependent) processes in many cases. To comprehend
spatial processes and patterns of a complex system like a
city, both processes need to be accounted for. The land
transition probabilities explained by statistical models
(Weight of Evidence/WoE approach adopted here) is
deterministic and can only reﬂect the self-organisational
process. This is one major bottleneck limiting many LUCC
models to mimic real urban dynamics. As it has been
observed while exploring historical urban growth of Dhaka
(Ahmed et al., 2012), non-urban cells become urban more
often when distance to larger agglomerations is smallest
(see Section 4.1 for details). Again when observing over
longer time periods, random urban cells are found to act
as seeds for future urban areas that can cater for more
growth, extensions and so on. These stochastic events are
mimicked and adopted through cellular automata transi-
tional functions in DINAMICA EGO – hierarchically by
two separate cell selection procedures. The ﬁrst procedure
involves selection of non-urban cells near to larger and
existing urban patches identiﬁed through the dynamic vari-
able (i.e. Expander Function). The second procedure (i.e.
Patcher Function) succeeds the ﬁrst one to identify new
patches of urban cells based on their WoE score
(Almeida and Batty, 2003 and Godoy and Soares-Filho,
2008). Thus, the partially spontaneous growth process in
Dhaka is captured by these urban growth transition func-
tions that pick cells with higher probabilities randomly.
Changing the share of these two processes alters simulated
outcomes, and this has been done repeatedly until approx-
imate structural correspondence against the observed
land-use is found. Such optimisation of model results has
been executed through a repetitive map comparison pro-
cess involved in the calibration and validation phase (which
is elaborated below).
3.4. Calibration and validation
Until recently, most land-use models are not assessed in
terms of their model or predictive accuracy, which is crucial
when model results are of concern for policy or decision
making in guiding future plans, policies or strategies
(Pontius et al., 2004; Visser, 2004; Vliet, 2009). The model
results are tested against the observed urban change of
Dhaka in binary form (urban, non-urban) between the year
1988–1999 during the calibration phase, and between
1999–2005 during the validation phase. As has been men-
tioned before, the amount of pixels with urban land are
predeﬁned, so errors in the calibration and validation are
the result of miss-allocations in locations. Several measures
have been used for calibration and validation of the model
results in this study. Firstly, apart from initial screening of
the driving factors for multi-collinearity, the selected
5 While preparing the Development Plan (DMDP) for Dhaka, Dhaka
has been subdivided to 26 SPZs based on similar characteristics. The case
study area has 18 of them-fully or in part.
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duce Cramer’s V (which is a scale-independent version of
the chi-square statistics) alongside calculating the transi-
tion function values. Score of 0 depicts complete indepen-
dence between variables, while value just below 1 means
otherwise. Factors which produce less than 0.5 are sug-
gested to be retained (Almeida and Batty, 2003;
Soares-Filho et al., 2008). Secondly, along with calibrating
the proportion of transition functions, size of expansion
and patches are also determined in this phase. Mean patch
size and variance of these new patches are governed by log-
normal distribution and choice of these values needs to be
made to approximate structures similar to the observed
urban changes, which were veriﬁed by the adopted map
comparison process (see below). The parameters adjusted
are mean patch size, patch size variance and patch isome-
try. Patch isometry ranges from 0 to 2 where the patches
take a more aggregated form as the number increases. In
addition, empirical transition rates of these functions are
also modiﬁed (Almeida and Batty, 2003; Soares-Filho
et al., 2008). Lastly, several map comparison tools, are
adopted in this research to assess model accuracy and
goodness-of-ﬁt (Fig. 4). The map comparison process
involves use of Kappa and its variants (particularly Fuzzy
Kappa) in calibrating and validating LUCC models
(Hagen-Zanker and Lajoie, 2008; Pontius and Boersma,
2008, Pontius et al., 2004; Visser and Nijs, 2006; Vliet,
2009). Null or no-change models are also used for examin-
ing model accuracy. However, comparing calibration and
validation results entirely against null models can be mis-
leading, since land-uses with higher conversion cost possess
high inertia to change and thereby results in higher false
accuracy in evaluation. This is why a variant of neutral
model is used. This “random constraint match” model cre-
ates land use maps that produce the correct amount of land
use change which are allocated randomly over the map
with minimal adjustments to the original land use map
(Hagen-Zanker and Lajoie, 2008; Vliet, 2009). This pro-
vides additional benchmark maps for calibration and vali-
dation at multiple steps within this research.
4. Results and discussion
4.1. Transition probabilities at aggregate level
The resultant probability maps provide weights gener-
ated against the nine factors narrated in Section 3.2. Apart
fromplanning variables, other variables are proximity to dif-
ferent urban functions (as explained in sub-Section 3.2.2), so
there is every chance that some or a few cells from these vari-
ables will correspond with cells changing to urban land.
These distance/travel time variables have been categorised
into travel time bands against which weights are calculated.
The summary results for the ﬁrst 10 distance bands are
reported in table 1. These are mean of the weight of evi-
dence/WoE values, accounting for diﬀerent ranges within
each variable. These values are used to compute thetransition probabilities of each non-urban cell to be con-
verted to urban. From the table it can be found that for
the dynamic variable (distance from urban land at t1/the
initial year of model run), weight tends to stay positive
until the distance from urban land stretches beyond the
110–130 m range. This implies that previous existence of
urban settlements pose greater probability of further exten-
sion or consolidation as evident from exploratory urban
growth pattern analysis for Dhaka from 1960–2005 (see
the results from Ahmed et al. (2012).
However, development evidence is not linear for the ele-
vation variable. Conversion to urban land is not high in
low-lying lands (up to 3 m), which is not surprising, but
it is not high for higher grounds either. This can be attrib-
uted to either lack of development control over such areas
from the planning authority or some of these areas have
good access to services and facilities. A similar non-linear
weight in respect to distance can be observed for variables
like distance to historic CBD, commercial centres and
industrial areas. This is in contrary to the fact that there
is evidence of strong inertia imposed by the established
urban structure on economic activity, and the fact that half
of Dhaka’s population stay near to core areas (as explained
in detail in p. 32 in Ahmed et al., 2014b). Even though
there has been conversion of non-urban land to urban in
the fringes, updated road network and other locations of
interests for the driving factors used are mostly
non-existent in those areas. Such lack of updated data is
thus partly to blame for the nonlinearity of
weights-of-evidence for many signiﬁcant factors. Besides,
there exist diﬀerent distance decay relations for diﬀerent
driving factors to diﬀerent sub classes of urban land like
residential or industrial lands etc. as evident from other
studies. Hence, diﬀerent driving factors may potentially
reveal diﬀerent interactions with changes in urban land if
the result is further disaggregated by dividing the whole
case study area into diﬀerent sub-regions or smaller areas.
4.2. Disaggregating transition probabilities at spatial
Planning zone level
To check whether spatial disaggregation of the study
area can improve results, Spatial Planning Zone (SPZ)
boundary of Dhaka5 have been used to divide the study
area into 18 sub-areas.
Subsequently, a new sub-region function in DINA-
MICA has been built and incorporated, in which for each
of 18 SPZs, a separate transition matrix and weight of evi-
dence has been computed. After calibrating the models for
each SPZ (i.e. re-computing with relevant statistically sig-
niﬁcant driving factors), they are combined again to make
the total probability, and then embedded with cellular
automat transition functions (expander and patcher) to
Neutral model 
maps generated 
by MCK using 
Random 
Constraint Match 
technique
Reference 
map  at t2
Reference 
map  at t1
Model result 
depicting accuracy 
of prediction
Simulation 
map  at t2
Reference 
map  at t2
Results are compared using overall Kappa, Kappa Location, Fuzzy Kappa, percent 
correct at model resolution and aggregated scales
Page 1
t1 =  Initial time
t2 = subsequent time  
Figure 4. Map comparison process used for model calibration and validation for this research.
Table 1
Weights of evidence for diﬀerent driving factors.
LUCC
transition
Factors Weights of evidence
1 2 3 4 5 6 7 8 9 10
Non-urban
to urban
Distance from urban land at t1a 1.193 0.878 0.635 0.434 0.333 0.1846 0.0890 0.007 0.105 0.173
elevationb 0.726 0.224 0.162 0.164 0.37 0.229 0.489 0.015 0.113 0.141
Travel time to commercial centres c 0.276 0.201 0.037 0.091 0.025 0.273 0.560 – – –
Travel time to historic city centres d 0.471 0.886 0.154 0.028 0.100 0.865 0.822 0.321 0.312 0.415
Travel time to industrial areas e 0.463 0.0588 0.314 0.033 0.016 0.512 2.671 – – –
Travel time to major roads f 0.516 0.336 0.839 0.349 1.227 0.552 – – – –
Travel time to minor centres g 1.209 0.300 0.15 .490 0.634 2.387 4.023 – – –
Areas for accelerated development
(binary planning variables)
0.512 – – – – – – – – –
Promoted area (binary planning
variables)
0.075 – – – – – – – – –
a (Distance band in metres)! 1: 0–60; 2:60–90; 3: 90–120; 4:120–150; 5:150–180; 6:180–210; 7:210–240; 8:240–270;9:270–300; 10: 300–330.
b (in metres)! 1: 0–2; 2: 2–3; 3: 3–4; 4: 4–5; 5: 5–6; 6: 6–7; 7: 7–8; 8: 8–9; 9: 9–10; 10:10–11.
c (in minutes)! 1:0–10; 2:10–20; 3: 20–30; 4:30–40; 5: 40–50; 6: 50–60; 7: 60–70.
d (in minutes)! 1: 0–10; 2: 10–20; 3: 20–30; 4: 30–40; 5: 40–50; 6: 50–60; 7:60–70; 8: 70–80; 9:80–90; 10: 90–100.
e (in minutes)! 1:0–10; 2:10–20; 3: 20–30; 4:30–40; 5: 40–50; 6: 50–60; 7: 60–70.
f (in minutes)! 1:0–10; 2:10–20; 3: 20–30; 4:30–40; 5: 40–50; 6: 50–60.
g (in minutes)! 1:0–10; 2:10–20; 3: 20–30; 4:30–40; 5: 40–50; 6: 50–60; 7: 60–70.
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deduce that most of the central core areas (SPZ 1, 2 and 3)
and planned residential areas in Gulshan, Banani and
Badda are still densifying although the rates are declining
due to non-availability of land. Other mixed use areas in
Eastern suburbs and Mirpur are keeping the momentum
and intensifying. Notable changes in growth rate can be
seen in Cantonment and Uttara in the North and Southern
part of Eastern Suburbs, Jinjira, Dhalesweri and DND
North areas in the South-which are well reﬂected within
the transition matrices.The majority of the SPZ within the case study are scru-
tinised based on separately computed transition matrix and
WoE coeﬃcients for diﬀerent driving factors. Not all fac-
tors are found inﬂuential for all SPZs, a point that would
be hard to distinguish at the aggregate level. For example,
proximity to the historical city centre is not that crucial for
the northern most SPZ, Uttara. Therefore, WoE is recom-
puted with signiﬁcant driving factors only for each SPZ.
Two WoE tables – one from the Southern (DND North:
table 2) and one from the Northern side (Uttara: table 3)
are presented here as examples for the period 1988–99
Figure 5. Rate of urban growth per SPZ (1988–2005).
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values for 1999–2005.
Looking into each table for each SPZ, variation in inﬂu-
ence by diﬀerent driving factors can be found. For exam-
ple, proximity to historic city centre and other key
vibrant commercial activities in the older part of the city
are inﬂuencing the continued densiﬁcation of the CBD
areas. For all SPZs, distance to existing urban land plays
a key role in further conversion of non-urban land.
Although the characteristics necessarily follow Tobler’s
ﬁrst rule of Geography (nearer things are more similar than
further away), not surprisingly, the distance between them
and corresponding weight do vary between SPZs. To min-
imize the eﬀects of boundary conditions due to data limita-
tions, results are further analysed in terms of potential and
existing growth poles that are external to the case study
(i.e. area within the rectangle in Fig. 7).
On the Southern areas, commercial and industrial activ-
ities in part of the SPZ 4 and Jinira-Keranigonj and DND
North and South have been mostly waterway-based and
have been ﬂourishing for long, although they were mostly
of rural character once. The recent addition of Buriganga
Bridge and two more bridges on the Dhaleswari river
has improved connections with adjoining districts andcontributed to this rapid transformation. Areas within
RAJUK DMDP, especially Naranyangonj, Kachpur and
Siddirgonj in DND South have been experiencing massive
development and mostly shaping the south-eastern devel-
opment of the DMDP area. Therefore, both sides of the
Buriganga are being characterised by a dense built-up area.
Many Industrial establishments are found along the
riverside due to cheap transportation cost of both raw
materials and ﬁnished goods coming through either rivers,
or through nearby highways connecting the big
east-southern port city, Chittagong. As evident from the
WoE table, these areas are experiencing expansion of exist-
ing urban areas even on low-lying areas due to having good
road connection to commercial hubs in the CBD and in the
older part of Dhaka.
Industrial establishments, especially garment industries
in Mirpur, Ashlia and the industrial concentration in
Tongi-Joydevpur-Gazipur-Konabari areas are inﬂuencing
growth in the Northern areas. On the North-eastern part
development of Aminbazar-Savar-Manikganj and location
of Dhaka Export Processing Zone (EPZ) in 1993 have
brought external inﬂuence outside the case study area. Apart
from these, large educational institutions like Bangladesh
National University (BNU), Bangladesh Open University
Table 2
Weight of Evidence (WoE) for all land-use/cover to urban transition (for DND North/SPZ 5).
Factors Weights of evidence
1 2 3 4 5 6 7 8 9 10
Distance from urban
land at t1a
0.525 (0.459) 0.223 (0.136) 0.089 (0.057) 0.127 (0.247) 0.271(0.406) 0.416 0.664 0.840 1.014 .856(0.496)
Elevationb 0.094 (.055) 0.027 (.015) 0.179 (0.078) – – – – – – –
Travel time to
commercial centresc
0.255 (.084) 0.316 (.069) – – – – – – – –
Travel time to historic
city centresd
– – – – 1.136 (0.147) 5.084 (1.048) 1.400 (0.332) 0.012 (0.428) 0.793 (0.286) 1.676 (0.459)
Travel time to industrial
areas e
0.179 (0.160) 0.758 (0.411) 3.386 (3.109) – – – – – –
Travel time to major
roadsf
0.545 (0.026) 1.075 (0.389) – – – – – –
Travel time to minor
centresg
0.064(0.160) 0.032(0.411) 0.250 (3.109) – – – – – –
Areas for accelerated
development (binary
planning variables)
0.043 (0.027) – – – – – – – – –
Promoted area (binary
planning variables)
0.350 (0.123) – – – – – – – – –
*Similar distance band like Table 1.
*Values within the brackets are Weight of evidence value for 1999–2005.
Table 3
Weight of Evidence (WoE) for all land-use/cover to urban transition (for Uttara/SPZ 13.2).
Factors Weights of evidence
1 2 3 4 5 6 7 8 9 10
Distance from urban
land at t1a
0.559 (1.072) 0.097 (0.608) 0.055 (0.331) 0.143 (0.135) 0.208 (0.033) (0.132) (0.240) (0.341) (0.418)
Elevationb 1.787 (1.173) 2.075 (0.731) 1.857 (0.454) 1.120 (0.091) 0.001(0.079) 0.857(0.813) 1.399 (1.088) 1.996(1.242) 4.941 (1.857)
Travel time to
commercial centresc
0.520 (0.343) 0.212 (0.045) 0.882 (0.499) 0.911 (1.119) – – – – – –
Travel time to industrial
arease
0.125 (0.316) 0.344 (0.119) 0.739 (0.332) 2.497 (1.492) – – – – – –
Travel time to major
roadsf
1.182 (0.528) 1.435 (0.071) 2.447 (0.742) 1.754 – – – – – –
Travel time to minor
centresg
1.217 (1.602) 0.455 (0.025) 1.144(0.146) 2.316 (0.645) 2.303 – – – – –
Areas for accelerated
development (binary
planning variables)
1.179 (0.527) – – – – – – – – –
Promoted area (binary
planning variables)
0.539 (0.092) – – – – – – – – –
*Similar distance band like Table 1.
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Figure 7. Potential external growth poles in the north and south of the case study area.
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Gazipur, Jahangirnagar University in Savar etc. along with
several key training institutes, military establishments and
new roads are shaping the new directions of Dhaka away
from old town, which can help to explain changes to urban
land nearer to the northern side of the bounding box.
From the WoE table, it is also evident that urban
extension is happening at the existing urban edges, and atspontaneous new areas, which are quite far from the exist-
ing areas. Being relatively higher than their southern coun-
terpart is, developments are taking place on higher grounds
nearer to major roads and minor centres.
These recomputed and calibrated weights of evidence
for each SPZ are combined to produce the probability
map to be used by cellular automata functions is the next
step.
Table 4
Calibration and validation parameters for transition functions of DINAMICA EGO.
Probabilities Proportion of expander
and patcher
Patcher Expander
Mean patch
size
Patch
variance
Patch
isometry
Mean patch
size
Patch
variance
Patch
isometry
Weight-of-evidence 0.7: 0.3 (0.6: 0.4) 0.54 (0.18) 0.36 (0.18) 1 (1) 0.54 (0.54) 0.54 (0.36) 1.5 (1)
Weight-of-evidence
(SPZ)
0.7: 0.3 (0.55: 0.45) 0.36 (0.18) 0.36 (0.36) 1.2 (1.3) 0.54 (0.36) 0.36 (0.36) 1.5 (1)
Validation results are reported within brackets.
Table 5
Calibration results.
Methods
Overall Kappa KHisto Kappa Loc Fraction correct
(model scale)
Overall Fuzzy Kappa Fuzzy fraction correct
(model scale)
Urban 1999 1 1 1 1 1 1
Urban simulation 1999 0.636 0.793 0.796 0.821 0.182 0.876
Urban simulation 1999 (SPZ) 0.712 0.862 0.826 0.844 0.410 0.887
Random model 1 0.476 1 0.476 0.762 .148 0.836
Random model 2 0.477 1 0.477 0.762 .149 0.836
Table 6
Validation results.
Methods
Overall Kappa KHisto Kappa Loc fraction correct (model
scale)
Overall Fuzzy
Kappa
Fuzzy fraction
correct
Urban 2005 1 1 1 1 1 1
Urban simulation 2005 0.515 0.950 0.542 0.757 0.120 0.866
Urban simulation 2005
(SPZ)
0.610 0.950 0.701 0.785 0.296 0.863
Random model 1 .418 1 .418 .709 .044 0.841
Random model 2 .420 1 .420 .710 .041 .841
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The adopted model with diﬀerent transitional functions
and other parameters was run many times and these pre-
liminary simulation results were analysed on the basis of
a visual comparison and map comparison process. Then
the parameters of transition functions are adjusted until
getting structurally similar simulation results akin to
observed urban change of 1988–99 (calibration phase)
and 1999–2005 (validation phase) for Dhaka. This is
accomplished with both a single set of weights of evidence
and that for SPZ level.
For this urban growth model, simulation results get bet-
ter when the proportion of expander and patcher functions
gets closer to 1:1 (table 4). In the ﬁnal results, the ratio has
been settled to 0.6:0.4. Mean patch size and variance are
provided in terms of hectares. Simulation results by WoE
probabilities, especially those disaggregated by SPZs, have
produced more realistic results as can be seen from visual
comparison (Tables 5 and 6, Figs. 8 and 9). Results with
better goodness-of-ﬁt measures from the calibration were
carried over for making simulation for further validationto check whether the same parameters holds similar simu-
lation accuracy. As can be seen from table 5, the model
simulation has out-performed the neutral models in terms
of Fuzzy Kappa, as the other models produced negative
values (i.e. no predictive power).
The simulation results here have outperformed model
runs done in the CLUE-s modelling framework that was
based on spatial statistical modelling framework reported
by the researchers elsewhere (Ahmed et al., 2014a). Also,
it has similar model accuracy to those of other LUCC mod-
els as reported in published case studies (Sante´ et al., 2010).
The reported model produced Kappa statistics of 0.712
which can be interpreted as a good match when compared
with other studies (ibid.). Although the validation accuracy
is slightly lower than the calibration phase, these still pro-
duced satisfactory Kappa (70%) and fuzzy similarity index
(86.3%), compared to many models reported and reviewed
in Sante´, et al., 2010. Again the results based on the WoE
at the SPZ level produced better accuracy than the single
WoE set. This is a good indication that the model has
got suﬃcient predictive power to make near future simula-
tion. Therefore, a prediction model using WoE at SPZ level
Figure 8. Observed urban land for 1988 (a), 1999 (b) and simulated urban land 1999 using weight-of-evidence (d) and SPPZ version of it (e).
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step.4.4. Near-future simulation of Dhaka under selected
prospective policy interventions
4.4.1. Key policy interventions adopted for this study
Any development of land use scenarios for Dhaka must
emerge from what went before and what already exists. It is
essential to build such scenarios on a foundation that
includes an understanding of the history, planning and
development practices of the city as we have explored in
Ahmed et al., 2014b.
Once the validation results reach the possible optimum
level by ﬁxing diﬀerent model parameters, they are used
for making near future simulations.
The DMDP Structure Plan, in coherence with
DMAIUDP plan 1981 has outlined some broader guideli-
nes to consider the micro environmental aspects of Dhaka,
both in its existing urban form as well as for future devel-
opment to keep the city free from all sorts of natural andman made hazards. The plan recognises the positive and
sustainable role of green belts, preservation of high quality
wet and agricultural lands and existing rivers in and around
the city limits and their continuous upgrading and evalua-
tion, and thus recommends the building of circular water-
ways around the city. The plan also earmarks a number
of retention ponds around the city limits for retaining rain
water, primarily for maintaining an ecological balance and
a healthy environment which is also in accordance with
Wetland Conservation Act 2000. It has been stated in the
DMDP plan-
‘‘in order to optimize the full potential of existing and
potential new development land areas, the areas desig-
nated as retention ponds in natural depressions and the
city’s existing natural drainage system and khals must
be protected at all costs’’-(DMDP structure plan, p-35)
Therefore, for this research, the principal spatial devel-
opment strategy emphasising these issues, as outlined in
the DMDP Structure Plan (1995–2015), has been adopted
to examine near-future scenarios for Dhaka. So a scenario
Figure 9. Observed urban land for 1999 (a), 2005 (b) and simulated urban land 2005 using aggregate weight-of-evidence (c) and SPPZ version of it (d).
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includes the city’s existing natural drainage system and
open spaces (as of 2005), designated places as ﬂood reten-
tion ponds, ﬂood ﬂow zones and areas with high agricul-
tural values.
We reiterate at this point that some future road upgrad-
ing could not be accommodated (due to lack of data) which
could have provided more realistic results. Nevertheless,
the scenarios are still valuable for providing insights into
the properties of the system and the likely tendencies of
Dhaka’s urban expansion trajectories.
4.4.2. Simulation results and interpretation
Using separate WoE and transition matrix for the 18
SPZs of the case study area, near future scenarios have been
generated for 2015 and 2025 using the modelling frame-
work. Three sets of scenarios are generated. Firstly, within
the business-as-usual scenario, principal spatial develop-
ment strategy is not included, and inner city open spaces
(e.g. ponds, lakes) are allowed to be grabbed. Most recent
growth trends (that of 1999–2005) are maintained in thisscenario construction (Fig. 10a and b). This is a realistic
context as Dhaka has still been consolidating in the inner
core areas where most employment opportunities exist
and population density have been highest (ranges from
112 to 388 persons per hectare) (Rajuk, 1997). These areas
continued to consolidate, as growth limitation against the
trend has not been the aim of the DMDP plan. Such a trend
has been putting tremendous pressure, not only on the exist-
ing inner city open spaces but also on other restricted areas
for development, including lakes and khals. Weak urban
governance characterised by clientelism, rent-seeking beha-
viour, continuing dominance of political and elitist groups
over other interest groups are more likely to be behind such
trends that Dhaka is deeply exhibiting, and such a trend is
likely to continue in near future, and can well represent this
scenario. In the second set of scenarios, planning restric-
tions (restrictions over ﬂood ﬂow zones and high value agri-
cultural lands) are included and growth trend is identical to
the period 1999–2005 (Fig. 10c and d). These scenarios can
provide an impression where urban growth of Dhaka
should march in 10 or 20 years if planning and development
Figure 10. Without planning restriction scenario for period for 2015 (a) and 2025 (b); planned restriction with current growth trend for the period for 2015
(c) and 2025 (d); planned restriction with reduced growth rate identical to the 1988–99 period for 2015 (e) and 2025 (f).
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land uses from now on while the city continues to grow at
the present rapid rate. Thirdly, in a similar fashion, a less
intensive future growth scenario with a lower growth rate
similar to 1988–99 along with planning restrictions has also
been generated (Fig. 10e and f). With an imagined decen-
tralisation scenario of Dhaka’s commercial activities to
satellite towns, this can result in much less built-up foot-
print for Dhaka with much less pressure on its natural
and hydrological landscape and can be a timely
eye-opener for the city planners to advocate for curbing
growth within the metropolitan region.
5. Conclusions and future research directions
The hybrid land-use modelling framework adopted in
this study is unique for several reasons- adoption of
advanced travel time (not airline ones being adopted in
most LUCC models) calculation technique for spatial
driving factors, cutting-edge calibration and validation
technique that is not too reliant on null models, and a
global and local version of the model. Several statistical
and spatial techniques have been used to heuristically cal-
ibrate and validate the results during the model period
(1988–2005). Disaggregating the study area to 18 Spatial
Planning Zones (SPZ) and running, calibrating andvalidating the model for each of them have certainly
improved the overall result. Driving factors that play sig-
niﬁcant roles by the global model are not found to play
equal roles when applied at SPZ/local level. This
obviously opens rooms for further scrutiny and in-depth
analysis in future. Yet, an attempt has been made to anal-
yse the result in the light of potential and existing growth
poles that are external to the case study area to lessen
eﬀects of data inadequacy or boundary setting of the case
study area. Simulation results are found to have similar or
higher model accuracy than most LUCC or urban growth
models in the current literature. The models have further
been used to generate Business-as-usual and two planning
scenarios into 2015 and 2025, which can be utilised to
guide future growth of the city as well as making
informed infrastructure planning for new areas of urban
growth. This study demonstrated that DINAMICA is a
good applied spatial hybrid growth modelling platform
that can act as an eﬀective planning support system tool
by mimicking local complex non-linear neighbourhood
eﬀects while also encompassing local and global eﬀects
of exogenously driven processes.
Exploration and modelling of urban growth based on
past trends and future growth plans are crucially important
for future urban strategy and policy formation but are
rarely applied in developing country context. As evident
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LUCC (Ahmed et al., 2012), rapid and unplanned urbani-
sation has been taken place in Dhaka. Although the
simulation exercise produced satisfactory results in line
with similar LUCC models, it is also apparent that
there is still room for improvement. Due to paucity of data
at appropriate and ﬁner resolution, several critical driving
forces like population growth dynamics and changes in
population density could not be taken into account. But
given these tools are free to use and available online,
appropriate authorities like Dhaka urban development
authority (RAJUK) and Dhaka City Corporations (DCC
North and DCC South) can use them readily and improve
the results with updated and improved datasets while also
incorporating local and expert knowledge.
As mentioned above, the tools used here are particularly
useful for RAJUK to cater for better land use governance.
Nevertheless, given the sheer size of Dhaka and its rapid
growth in terms of population and urban extent/expansion,
such Planners’ toolboxes will work better when this is part
of a spatial decision support system (SDSS) and can incor-
porate other stakeholders’ opinions into the system. For
example, along with DCC North and DCC South, all pub-
lic sector interests like 22 ministries (particularly Ministries
of Local Government, Housing and Public Works, Plan-
ning, Environment, Roads, Health, Power and Water
Resources, and so on) and relevant 51 local agencies can
be engaged as well as diﬀerent civil societies and private
sectors (e.g. BAPA, Bangladesh Environment Saving
Movement, relevant scholars from academic and research
institutes etc.). Such embeddedness can work well when
incorporated as part of the proposed ‘Dhaka City Govern-
ment’ which can aim for better coordination, and can use
such appropriate spatial tools for diﬀerent scenario gener-
ation to engage the aforementioned actors in dialogues.
The scenarios can spatially manifest diﬀerent stakeholders’
interest for collaborative planning and management of
Mega Dhaka by taking on-the-ﬂy expert and citizen opin-
ions emanating from dialogues and meaningful discussions.
Such spatially explicit models can also be driven by further
addition of other socio-economic and biophysical factors,
and can be experimented for smaller and larger areas.
Upon further experimentation, and upon making these
SDSS ‘participatory’ over time, can allow such SDSS to
be used not only for holistic land-use governance but also
for small area deployment. Such small area experimenta-
tion for thematic areas like provision of infrastructures like
waterlines, electricity, roads, housing etc. can be built with
the help of the DCCs and other local Agencies. Yet cau-
tionary notes need to be taken to not let the system and
SDSS tools to be used for reactive and corrective measures
and to make the elites more powerful (as often is the case
for Dhaka that tends to adopt modernist utopian develop-
ment approach to make Dhaka ‘world-class’, and relevant
agencies tend to build infrastructures that works more for
the rich at the expenses of marginalising the poor more).
We need to collect and use better data for the invisiblesin the city statistics: the poor in the city, and tailor the tools
to small areas that need more attention, and also link those
to the holistic model. These models also have the enormous
potential to anticipate locations and scale of future change
which can help in making more inclusive policy or planning
interventions targeted to the marginalised poor, the major-
ity of the city. Such participatory spatial simulation ana-
lytic tools need to become ‘pro-poor and socially-just’ i.e.
to cater for social justice for the urban poor so that their
rights to the city in terms of provisions of housing and
infrastructure, and better quality of life can be ensured.
This is critically important given the majority of the inhab-
itants of the city are poor and marginalised in terms of
access to services and housing (Ahmed et al., 2014b). In
this regard, the civil society and community organisation
who are working for the housing, infrastructure and health
care provisions for the urban poor need to be engaged in
the dialogues and discussions. Their voices need to be
heard more in the city management and future develop-
ment direction exercises (that can make use of the partici-
patory SDSS tools) with RAJUK, DCCs and other local
agencies for collaborative consensus building towards a
socially and environmentally just Dhaka.
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